Survey researchers avoid using large multi-item scales to measure latent traits due to both the financial costs and the risk of driving up non-response rates. Typically, investigators select a subset of available scale items rather than asking the full battery. Reduced batteries, however, can sharply reduce measurement precision and introduce bias. In this article, we present computerized adaptive testing (CAT) as a method for minimizing the number of questions each respondent must answer while preserving measurement accuracy and precision. CAT algorithms respond to individuals' previous answers to select subsequent questions that most efficiently reveal respondents' position on a latent dimension. We introduce the basic stages of a CAT algorithm and present the details for one approach to item-selection appropriate for public opinion research. We then demonstrate the advantages of CAT via simulation and empirically comparing dynamic and static measures of political knowledge.
INTRODUCTION
Survey researchers often avoid using large multi-item scales to measure latent traits on surveys. In part, this reflects the high financial costs of long surveys. For most researchers, the primary cost associated with public opinion research is the per-question fee charged by survey firms. Thus, there are significant financial incentives for asking as few questions as possible when measuring any latent trait or attitude.
However, the desire to avoid large batteries also reflects the higher rate of attrition and non-response associated with lengthy and repetitive surveys. Numerous studies have shown that longer surveys are associated with higher rates of unit nonresponse (e.g., Heberlein and Baumgartner 1978; Yammarino et al. 1991; Burchell and Marsh 1992; Crawford et al. 2001; Galesic and Bosnjak 2009 ) a greater likelihood of halting an interview (e.g., Sheatsley 1983 ) and higher rates of item nonresponse (e.g, Anderson et al. 1983) . Moreover, lengthy repetitive surveys increase the burden on respondents who compensate by beginning to satisfice when selecting answers (Krosnick 1991 (Krosnick , 1999 , increasing use of "don't know" responses (Krosnick et al. 2002) , and providing generally less informative responses (Herzog and Bachman 1981) .
To avoid long batteries, researchers typically select a subset of available items to include on a survey. For instance, in their study of the role of personality traits in determining political attitudes, Gerber et al. (2010) rely on the Ten Item Personality Inventory (TIPI), a much reduced modification of the 44-item Big Five Inventory [BFI] (Gosling et al. 2003) . adapted from the standard 18-item "need for cognition" scale (Cacioppo and Petty 1984) .
Indeed, developing reduced versions of larger scales constitutes a whole genre of research in the fields of psychology, consumer research, public opinion, and more.
2 Yet, relying on reduced batteries can lower measurement precision and introduce bias -especially for individuals on the extreme ends of a latent scale.
In this article, we propose an alternative to the creation of static reduced scales. We apply computerized adaptive testing (CAT) to the field of public opinion surveys and introduce software that will aid researchers to more accurately measure important latent traits using a minimum number of question items. As its name suggests, CAT algorithms adapt dynamically to measure latent constructs while minimizing the number of questions each respondent must answer -similar to the functioning of the modern Graduate Record Examinations (GRE). The method is an extension to item response theory (IRT), and like IRT, derives from the educational testing literature. Each question item is classified based both on its average level of "difficulty" (its position on the latent dimension) and its capacity to discriminate between respondents. CAT algorithms respond to individuals' prior answers by choosing subsequent questions that will place them on the latent dimension with maximum precision and a minimum number of questions.
In the rest of this article, we review the basic elements of CAT algorithms and explain in detail one approach to item selection and stopping rules appropriate for public opinion research. We then evaluate the advantages of CAT relative to traditional static reduced batteries both theoretically and empirically. First, we conduct a simulation study to show how CAT surveys can increase precision and reduce bias relative to static scales. Second, using a convenience sample of Amazon Mechanical Turk respondents, we conduct a survey experiment and compare the precision and accuracy of CAT surveys to static scales of political knowledge. In both theory and practice, when the two competing methods of measurement are compared on a common metric, CAT provides improved precision and reduced bias.
CAT AND TRADITIONAL DYNAMIC SURVEY TECHNIQUES
Computerized adaptive testing: CAT algorithms are based on the notion that questions should be chosen for each respondent based, in part, on what we know about them from previous responses. Ignoring prior information leads us to waste valuable survey time asking questions to respondents that are not revealing. Just as we would not ask a simple algebra question to assess the mathematical aptitude of a theoretical physicist, we should not ask survey respondents who have already correctly explain the reconciliation process in the U.S. Senate whether they know what job or position is currently held by Joe Biden when measuring political knowledge. It is more informative to instead choose questions that reflect prior responses. In the language of educational testing:
The basic notion of an adaptive test is to mimic automatically what a wise examiner would do. Specifically, if an examiner asked a question that turned out to be too difficult for the examinee, the next question asked would be considerably easier. This stems from the observation that we learn little about an individual's ability if we persist in asking questions that are far too difficult or far too easy for that individual. We learn the most when we accurately direct our questions at the same level as the examinee's proficiency (Wainer 1990, p 10) .
Relationship to traditional dynamic surveys:
In many ways, CAT is similar to branching survey techniques that have been used since the early days of public opinion surveys. For instance, the standard American National Elections Study measure of party identification asks whether respondents think of themselves as "a Republican, a Democrat, an Independent, or what?" Interviewers then ask Democratic identifiers whether they would call themselves a "strong Democrat." However, there is no purpose in asking self-identified Democrats if they would call themselves a "strong Republican." Based on prior beliefs about Democratic respondents and the nature of the "strong Republican" question, researchers know that little information will be gained by administering the "strong Republican" item to Democratic respondents.
CAT takes the logic behind these branching question formats and extends it to large survey batteries containing dozens (if not hundreds) of potential items -far more items than can easily be placed in a branching hierarchy. In essence, CAT algorithms use prior information about respondents and question items to more quickly and accurately place survey takers on some latent scale. Prior information about respondents derives from their initial responses to items in the battery. Prior information about the items derives from pre-testing the questionnaire. This establishes how specific questions relate to the latent scale of interest and provides the needed item-level parameters for the CAT algorithm to operate.
Beyond simple branching formats, CAT is also clearly related to computer-assisted interviewing techniques developed over two decades ago (Piazza et al. 1989; . Like branching questionnaires, this approach allows for survey items to change based on a respondent's answers, experimental assignment, or any other criteria. Computerassisted interviews can respond in complex ways during the interview process in a manner pre-specified by researchers.
Relationship to item response theory: While related to computer-assisted surveys, CAT algorithms derive from an entirely different branch of research -educational testing. Computerized adaptive testing is itself an extension of item response theory (IRT) (Lord and Novick 1968; Lord 1980; Embretson and Reise 2000; Baker and Kim 2004) , which has received considerable attention in recent years in political science (e.g., Clinton and Meirowitz 2001; Jackman 2001; Martin and Quinn 2002; Clinton and Meirowitz 2003; Clinton et al. 2004; Bafumi et al. 2005; Poole 2005; Bailey 2007; Treier and Jackman 2008; Treier and Hillygus 2009; Gillion 2012) .
IRT is a general method for measuring latent traits using observed indicators, which are binary or ordinal in most political science applications. CAT takes the IRT framework and extends it to allow tests or surveys to be tailored to each individual respondent (Weiss 1982; Kingsbury and Weiss 1983; Weiss and Kingsbury 1984; Dodd et al. 1995) . Items are selected based on respondents' answers to previously administered questions with the goal of choosing items that will be most revealing. Numerous studies have shown that CAT tests outperform traditional static tests of similar lengths (e.g., Hol et al. 2007; Weiss 1982; Weiss and Kingsbury 1984) .
Since its initial inception in the late 1970s, CAT has been extended in a number of directions to allow for refinements such as content balancing (van der Linden 2010), informative priors (van der Linden 1999), response times (van der Linden 2008), multidimensionality (Segall 2010) , nonparametric assumptions (Xu and Douglas 2006) , and more (van der Linden and Pashley 2010). CAT is widely used in the fields of educational testing, psychology (e.g., Waller and Reise 1989; Forbey and Ben-Porath 2007) , and (to a much lesser extent) marketing (Jagdip Singh 2007). However, CAT methods have rarely been applied in the measurement of public opinion. Moreover, we are aware of no instances of its use in published political science research. The purpose of this article, therefore, is to introduce the details of the CAT technique to the political science community, give guidance as to how it can be fruitfully incorporated into the study of public opinion, and provide a clear empirical demonstration of the significant advantages available from adopting and adapting this methodology.
Relative advantages of CAT surveys: CAT differs from more familiar methodologies, such as branching questionnaires, in two important ways. First, CAT is able to easily deal with much longer dynamic batteries than is feasible using traditional methods. For example, a dynamic battery that asked each respondent only 11 dichotomous items would require the pre-specification of over 2 10 =1,024 possible branchings.
Second, CAT methods assume that the branching procedure is not something determined in advance by researchers. Rather, questions are chosen "online" as the survey is completed to maximize a pre-specified objective function. Item selection is therefore extremely formalized and directly embedded in the mathematics of the scaling procedure that translates survey responses into the latent trait space of interest. Indeed, the method assumes researchers are not interested in answers to the questions per se, but only in accurately estimating respondents' position on the latent scale. One distinct advantage of CAT, therefore, is that choices about the ordering of questions need not be justified by researchers as item selection is explicitly determined by available data in a theoretically motivated manner. The disadvantage is that researchers must gather calibration data in advance in order to specify the item parameters.
A hypothetical example can demonstrate the basic advantages of the CAT framework.
Consider a survey battery that contains 40 items. As a running example, assume that these items are factual questions about U.S. and international politics designed to measure political knowledge. Let us assume that there is space for five items and that all questions are dichotomous indicators (i.e., answers are either correct or incorrect). 
COMPUTERIZED ADAPTIVE TESTING ALGORITHMS
Intuition: Having reviewed the basic motivation for applying CAT algorithms, in this section we provide additional details about one implementation of the method appropriate for asked and the leaf nodes of this tree correspond to the number of response profiles we can obtain with the adaptive survey. In the five-item case we have a tree of height 5 and thus 2 4 possible response profiles. In the ten-item case we have 2 9 . 4 We focus in this paper only on the simplest version of CAT. Implementation and analysis of adaptive algorithms that leverage prior information and response times for survey research remains a task for future research. public opinion research. CAT is designed for application in the context of a large survey battery or psychometric scale whose validity has already been established. That is, the method assumes that there actually is some latent trait to be measured and that each of the candidate items are appropriate indicators of that trait. Potential applications in political science include large psychometric batteries (e.g. Gosling et al. 2003) , batteries on issue positions designed to place respondents into an ideological space ( CAT is a method for taking a large population of potential items and selecting among them to efficiently place respondents on some latent scale such as ideology, political knowledge, or activism. Roughly speaking, the algorithm chooses items that are most likely to produce the most precise and accurate estimate of respondents' position on a latent factor.
Ceteris paribus, CAT achieves this goal by choosing items with larger discrimination parameters. That is, it prefers items that are most revealing about respondents once they have answered. Second, ceteris paribus, CAT will choose items whose difficulty parameters are "close" to the current estimate of the respondent's ability parameter. The algorithm prefers questions that it estimates the survey taker has a roughly equal chance of answering correctly and incorrectly. Additional intuition regarding how CAT chooses amongst available items is provided in our simulated example below. [ Table 1 about here.] First, estimates (θ j ) are generated for each respondents' position on the latent scale of interest (θ j ). Before the first item is administered, this estimate is based on our prior assumptions about θ j . One option is to assume a common prior for all respondents, θ j ∼ π(θ). An alternative is to use previously collected data points, y j , to specify an informative prior, θ j ∼ π(θ j |y j ) (van der Linden 1999). For example, when administering a battery measuring political ideology it may be appropriate to assume that strong Democrats are more liberal than strong Republicans. In either case, after the initial item in the CAT battery is administered, y j will include responses to items that have already been administered and answered.
Second, the next question item is selected out of the available battery. CAT chooses the item that optimizes some pre-specified objective function. Multiple criteria appear in the literature, including maximum Fisher information (MFI), maximum likelihood weighted information (MLWI), maximum expected information (MEI), minimum expected posterior variance (MEPV), and maximum expected posterior weighted information (MEPWI) (Choi and Swartz 2009, p 421 ).
5 It is also possible to choose constrained optimization approaches to, for instance, ensure that scales balance positively and negatively worded items.
5 An overview of the most common item selection criteria for dichotomous indicators are discussed in van der Linden (1998) and van der Linden and Pashley (2010) . An excellent analysis of potential selection criteria for polytomous items is available in Choi and Swartz (2009) .
In general, these criteria aim to choose items that will result in accurate and precise measures. Moreover, all of these item selection criteria lead to similar results after a modestly large number of items (i.e., n ≥ 30). However, there are significant differences in measurement quality when the number of items that can be asked is more limited (van der Linden 1998). In this article, we have chosen to focus on the MEPV criterion because we (i) feel it is the most intuitive and mathematically motivated approach and (ii) it is among the criteria that previous research has shown performs well with a small number of questions.
The third stage of the algorithm is to administer the chosen item and record the response. Fourth, the algorithm checks some stopping rule. In most survey settings, the stopping rule is likely to be that the number of items asked of the respondent has reached some maximum value. In these fixed-length CAT algorithms, all respondents will be asked the same number of questions. However, it is also possible that researchers wish to measure some trait up to a specific level of precision regardless of the number of items that are asked. In these variable-length CAT algorithms, items may be administered until this threshold is reached.
Finally, if the stopping rule has not been reached, the algorithm will repeat. Once the stopping criteria has been met, the algorithm produces final estimates ofθ j and terminates.
Outline of the general model for dichotomous indicators: As discussed above, there are numerous variants of CAT for both dichotomous and polytomous indicators. Rather than attempting to summarize all of these approaches here, we will focus on the particular specification we use in our examples below. We will also restrict ourselves to the dichotomous case, which is both more intuitive and more familiar to a political science audience due to its wide use in roll-call analyses (c.f. Clinton et al. 2004; Bafumi et al. 2005 ).
We use a two-parameter logistic model, where y ij is the observed outcome (correct/incorrect or yes/no) for item i ∈ [1, n] and person j ∈ [1, J]. The model assumes that the probability of a correct response for individual j is
where D = 1 for a logistic model and D = 1.702 for an approximation of the probit model.
We assume that the item-level parameters (a i , b i ) have already been estimated using some previously collected data, which we term the calibration sample below. These parameters are typically termed the discrimination and difficulty parameters respectively. For CAT, we assume that these are known quantities and our interest is only in estimating the ability parameter, θ j , for some new respondent.
The prior distribution for θ j will be
where τ θ denotes the precision of the distribution (the inverse of the variance). In our examples below, we set µ θ = 0 and τ θ = 0.6, a fairly diffuse (though proper) prior.
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Letting q i (θ j ) = 1 − p i (θ j ), the likelihood function associated with the responses to the first k − 1 items under a local independence assumption is
6 In numerous simulation experiments, we found this setting to be ideal for the purposes of small batteries. Stronger priors (e.g., τ θ = 1) result in item selection being dominated by the prior, which is only overcome after many items are asked. Weaker priors (e.g., τ θ = 0.01) result in extreme and uninformative items being selected when n is small.
Note that we only set this prior during item selection. For the final estimation ofθ j , we return to the same τ θ = 1 prior used for parameter estimation on the calibration data.
Calculating skill parameter:
We present one of the most prominent methods for calculating respondent-level positions on a latent scale. 7 The expected a posteriori (EAP) estimate of individual j's position on the latent scale is calculated aŝ
Neither of these integrals can be analytically derived. However, using numerical methods we can approximate these quantities with sufficient precision.
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Item selection: We use the minimum expected posterior variance (MEPV) criterion to select
items. This requires that we first estimate the posterior variance associated with a correct (y * kj = 1) and incorrect (y * kj = 0) response for all remaining items and multiply by the probability of observing these outcomes conditioned on the current estimate of θ j .
We first estimate P (y * kj = 1|y k−1,j ) = 1 − P (y * kj = 0|y k−1,j ) where y k−1,j = 7 A second common technique is to estimate the maximum a posteriori (MAP), which is found by estimating the root of the first derivative of the log posterior (Equation 3).
where
y 1,j , . . . , y k−1,j . This is done by simply entering the current value ofθ j into Equation (1) for item k. We then calculateθ
which is the estimator conditioned on the potential response for the candiate item k, denoted y * kj . The posterior variance for each possible response to each potential item is
which is estimated via numerical integration as above. Equation (7) represents the posterior variance we will observe if the algorithm administers item k to respondent j and the answer given is y * kj . According to the MEPV criterion, the item chosen will minimize the value of
Stopping criteria: In our examples below, the algorithm stops offering items when the number of questions reaches a pre-specified threshold n max . An alternative, however, is to stop when the posterior precision, 1/V (θ j |y j ), rises above some pre-specified level τ 
SIMULATION AND ILLUSTRATION
In this section, we seek to demonstrate the potential advantages of CAT through a simulation study. These simulations represent circumstances that are as ideal as can be expected in a survey setting. The item pool consists of 60 items and the response probabilities align exactly with the two-parameter logistic model in Equation (1). The discrimination parameters are drawn from a i ∼ Gamma(50, 25) and the difficulty parameters (b i ) are spaced equidistantly on the interval [-3,3] . In essence, the simulation assumes that we have 60 items that load strongly on the underlying latent dimension (ā = 2) with item difficulty parameters spanning the range of likely ability parameters.
Illustrative simulated example
We begin by comparing how fixed and dynamic batteries of identical length estimate the position of a single exemplar individual. The focus here is to illustrate why, under some circumstances, CAT can provide less biased and more precise estimates of θ j .
Reduced scales, both in our simulations and in the real world, are typically chosen to optimize measurement precision for respondents near the center of the latent distribution.
For instance, in developing a reduced scale measuring aspects of personality, Gosling et al. (2003, p 508 ) state that, "where possible we selected items that were not evaluatively extreme." This is because it is items which reveal the most information about individuals at the center of the distribution that will minimize total absolute bias and error. Quite simply, most respondents are located in the middle of the distribution so it makes sense to choose items biased towards the center of the distribution. However, this strategy often results in imprecise and even biased estimates of respondents located towards the extreme ends of the latent scale.
More fundamentally, reduced scales almost inevitably include some questions that are either too "easy" or too "hard" for a given respondent. This results in inefficiencies since questions are administered to respondents which provide no additional insight as to their true position on the latent scale. This is illustrated in Figure 1 , which shows the item characteristic curves (ICC) for a fixed (left panels) 10 and dynamic (right panels) battery administered to a single individual whose true position on the latent scale is indicated by the vertical dashed line. 11 Item characteristic curves show the predicted probability of answering a question affirmatively (i.e., getting the question "right") for individuals of varying skill levels (θ j ). Thus, the horizontal axis shows the different potential values of θ j , while the vertical axis shows the probability of answering affirmatively for each value of θ j .
[ affirmatively. The predicted probability of doing so is nearly zero. Thus, as we show below, no additional information about the respondent is gained by asking these questions.
On the other hand, the items chosen by the CAT battery are all such that the respondent has a significant probability of answering in either directions. This suggests that we will learn more about the respondent as each additional question in the CAT battery that is asked and answered.
This intuition is confirmed by looking at the estimated posteriors for θ j shown in Fig In contrast, the right panels of Figure 2 show the posteriors as determined by items chosen by the CAT algorithm. As can be seen, the estimate of θ j is more accurate and far more precise. Moreover, the posterior continues to converge towards the true value of θ j after each question is administered and answered.
Systematic simulation
While the results in Figures 1-2 are illustrative, they do not provide systematic evidence in favor of CAT. We therefore seek to generalize these results across a broader range of values of θ. Figure 3 shows the squared error 13 for the dynamic (gray) and static (black) batteries 12 For illustrative purposes, we assume that responses are deterministic. That is, respondents always answer affirmatively (correctly) when the predicted probability is greater than 0.5. 13 Squared error is defined as V ar(θ
of various lengths.
14 The upper left panel shows the results for the case when the number of items is three, and the remaining panels show results when the battery-length is five, seven and ten items respectively. 15 These estimates were generated for 1,000 simulated respondents distributed equidistantly on the interval [-3,3] . This provides a fairly precise understanding for how the CAT algorithms perform across the possible range of θ j . The two sets of curves show the squared error (the vertical axis) that would result from the administration of a static and dynamic batteries for individuals with differing positions on the underlying latent scale (the horizontal axis).
[ an expected finding that replicates results from previous simulation studies (e.g., van der 14 The static batteries are: Items 15, 30, 45 for n = 3; Items 10, 20, 30, 40, 50 for n = 5; Items 9, 16, 23, 30, 37, 44, 51 for n = 7; and Items 3, 9, 15, 21, 27, 33, 39, 45, 51, 57 for n = 10. Alternative methods for selecting fixed batteries make little difference in the substantive conclusions of these simulations. 15 The stopping rule chosen for this and the empirical example is based on our belief that the primary constraint for public opinion researchers is time. While another rule, such as a measurement precision threshold, could have been used, this did not seem realistic given the budget and time constraints of most public opinion surveys. 16 Indeed, examining the bias alone shows that CAT also provides lower bias for nearly all values of θ j . Improvement in unbiasedness is especially large in the extreme range of θ j (results not shown). Figure 3 . With three questions, we can potentially observe 2 3 = 8 response profiles. Indeed, we can see that the CAT scale divides respondents into exactly eight categories as there are eight "U" shaped bins visible. However, with a static scale we observe only four. 18 Increasing the number of observed response profiles improves both measurement accuracy and precision.
EMPIRICAL APPLICATION: POLITICAL KNOWLEDGE
The simulation results in Section 4 show the advantages of CAT relative to a static scale theoretically. In this section, we provide an empirical application of CAT to the domain of political knowledge (sometimes termed political sophistication). This example demonstrates the superiority of CAT relative to static scales for accurately and precisely measuring important concepts to political science.
Although scholars have developed a number of measures for knowledge and sophistication (e.g., Luskin 1987; Delli Carpini and Keeter 1993) , one of the 17 It makes sense that static scales are aimed at individuals in the "middle" of the latent space, as this is where most individuals will be located. However, the advantage of CAT is that the algorithm will tailor the battery to efficiently estimate a latent trait regardless of the respondents' position in the latent space. As we show, this improves measurement for all individuals, but the comparative advantage is greatest for more extreme individuals. 18 Recall that in these simulations answers are deterministic (see Footnote 12). In a static scale, therefore, there will always be n + 1 bins while there will be 2 n bins for the dynamic batteries. 20 These percentages change depending on how "correct" responses are coded. In addi-In this section, therefore, we apply a much larger collection of closed form (i.e., multiple choice) questions designed to measure much broader areas of political knowledge necessary for successfully engaging in the political system. In addition, the questions were designed to supply sufficient variation in difficulty.
Model calibration
We developed a battery of 70 multiple choice knowledge questions, six of which were dropped due to poor performance. These items were largely drawn from questions used previously in national samples (e.g., Luskin and Bullock 2011) . The remaining 64 items, which measure knowledge in areas including the legislative process, interest groups, foreign affairs, and constitutional rights, are listed in our online supplemental materials. Berinsky et al. (2012) provide a detailed analysis of Mechanical Turk participants. Among their findings, which is reflected in our results below, is that Turk participants have much higher levels of political knowledge than the general U.S. population. Although this limits the degree to which the item calibrations from this sample can be used for CAT algorithms administered to other populations, it does not alter the nature of our findings about the relative advantages of the CAT approach itself.
Since the calibration and test samples are drawn from the same population, the underlying distribution of political knowledge can be assumed to be similar. It is similarity in the distribution of political knowledge in the two samples that allows the CAT algorithm to outperform static batteries in the analyses below. To the degree that we might be concerned that this assumption is not correct as a result of our non-random sampling procedure, this fact only makes the significant improvement in measurement quality we show below more remarkable. In general, the more accurate the calibration of the item parameters, the better the performance of CAT will be relative to any given static scale. and discrimination parameters. Ideally, this calibration would be done on a nationally representative sample, which would give more meaningful estimates that could be used by researchers in future studies. 22 However, this convenience sample serves the more limited purpose of illustrating the usefulness of the CAT method.
[ Table 2 about here.] Table 2 as we would expect. While there are available items for all levels of difficulty, there is a skew towards the lower end of the difficulty spectrum. This is unsurprising as we relied on items originally designed for national probability samples.
22 Using a national sample would allow us to say that difficulty parameters would, for instance, indicate the degree to which an average American can correctly answer a specific question. Researchers should avoid using convenience samples to calibrate the CAT algorithm unless they are comfortable that the distribution of the calibration sample is "representative" of the overall population of interest on the given latent trait. 23 Response options were randomized for all respondents except where responses had a clear numerical ordering. In addition, respondents were always allowed to answer that they did not know the answer or to simply skip the question (after a five-second delay). All "Don't know" and skipped questions were coded as incorrect responses.
Empirical comparison with reduced scales
To assess the efficacy of CAT techniques outside of the calibration sample, we conducted a survey experiment on a fresh sample of 820 respondents. 24 In this second survey, roughly half of the respondents (n=401) first answered a ten-item fixed battery. 25 The remaining respondents (n=419) answered ten items as selected by the CAT algorithm discussed above.
Respondents in both groups then answered the remaining 54 items presented in a random order.
Requiring all respondents to complete the entire battery allows us to evaluate the two measurement techniques using a common metric -respondents' score as assessed by the complete 64-item battery. Thus, we approximated respondent j's true latent trait value, θ j , using her answers to the 64 questions. We then computed estimated values ofθ (EAP ) j based on the first n ∈ (3, 5, 7, 10) questions administered in either treatment condition. 26 Our purpose is to evaluate how wellθ (EAP ) j approximates θ j across treatment conditions.
Note that the data from the calibration sample is used only for item selection. That is, we re-estimated the entire measurement model using only the fresh sample. This provides a fair test of the method as we are not simply assuming that the model estimated on the calibration sample is true for the second (experimental) sample. Figure 4 shows the squared error of the estimated values ofθ
for individuals in 24 Respondents were again based in the United States and over the age of 18 and were recruited using Amazon Mechanical Turk. Respondents who had participated in the firstround survey were excluded from this analysis. 25 We designed the fixed battery to provide a 3-item, 5-item, 7-item and 10-item batteries with good measurement properties. That is, we chose items that spanned the range of difficulty and had relatively large discrimination parameters in the calibration sample. Moreover, in choosing between similarly performing items, we selected questions most similar to the standard ANES measure of political knowledge (e.g., "Who is the Speaker of the House of Representatives?"). The items in the fixed battery are indicated in Table 2 . 26 Observe that, because the CAT algorithm minimizesθ (EAP ) j at every step of the test, we can compare the results obtained by stopping at any given point without loss of generality. the dynamic (squares) and static (triangles) treatment conditions. The lines represent loess curves for each population. 27 As in the simulations in Section 4, the dynamic algorithm outperforms the fixed battery for all values of θ j and the difference is particularly noticeable
for larger values of n and more extreme values of θ j .
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[ Figure 4 about here.]
Note that the gains in measurement accuracy and precision are more significant than may be immediately obvious in Figure 4 . Figure 5 compares the static and dynamic scales of various lengths at the population level. The upper-left panel shows the median squared error (MSE) while the upper-right panels shows the median absolute bias, measured as
Likewise, the lower-left panels hows the total absolute bias for each of the samples and the lower-right panel shows the median posterior variance for the estimates.
The figure shows that CAT offers dramatic improvements in measurement accuracy relative to static scales on each of these metrics. The measures are both less biased and more precisely estimated. Indeed, by these metrics a CAT scale with only six items outperforms a 10-item fixed scale. Extrapolating from this example, Figure 5 suggests that CAT offers the potential for 40% reduction in battery length on surveys with no loss in measurement quality.
[ Figure 5 about here.]
Finally, the increased accuracy and precision resulting from using the adaptive measure affects the inferences we draw from the data. 29 To begin with, the dynamic battery is able 27 We used a two-sided Wilcoxon test to determine whether the distributions were indeed statistically different. The results of the test confirm what we observed visually. That is, squared error is significantly lower in all cases with p < 0.001. The rank-sum statistics were W = 69470, 43790, 28108, and 13546 for n = 3, 5, 7, and 10 respectively.
28 Some caution is needed in comparing the performance of the two methods for the extreme values of θ due to the increasingly small sample size. 29 We thank an anonymous reviewer for suggesting this analysis.
to provide a more fine-grained measure that better reflects heterogeneity within the sample.
For instance, the estimated sample variance on the political knowledge scale is only 0.65 when using a five-item static battery while it is 15% greater (0.75) for the sample that took the dynamic battery. Likewise, fully 21% of respondents taking the five-item static scale were placed in the most extreme category as either the most or least knowledgeable respondents in the sample. However, only 5% of respondents taking a dynamic scale of an identical length were so categorized due to the adaptive nature of the CAT battery.
The increased precision and reduced bias also improves the external validity of the knowledge measure. We can see this by examining the level of correlation between our political knowledge measure and other responses that we would expect to be correlated with political knowledge. Table 3 shows bivariate regressions for the five-item dynamic and static political knowledge measures. The "outcomes" in these regressions are answers to three additional survey items: the respondent's level of interest in politics (a four-point scale), the frequency with which they discuss politics and current affairs (a seven point scale), and the degree to which they report paying attention to national and international issues (a seven point scale).
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[ To make the coefficients comparable, we re-scaled the knowledge batteries to range between 0 and 1. Table 3 shows that the coefficients for the dynamic political knowledge scale are always larger. Moreover, the differences are substantive. For example, our political interest questions asks respondent, "How interested would you say you are in politics and current affairs: Not at all interested; Not very interested; Somewhat interested; or, Very interested?" Moving from the minimum to the maximum of political knowledge as measured by the static five-item knowledge battery is associated with an average change of 1.31 on this scale. However, because of the improved measurement properties of the five-item adaptive battery, moving from a minimum to a maximum level of political knowledge is associated with a 2.08 unit change for respondents randomly assigned to answer the dynamic battery. Table 3 shows similar differences for all three outcomes.
CONCLUSION
While we believe the evidence presented above suggests that CAT offers a superior approach to traditional static batteries, the methodology comes with several caveats and limitations that are important to note. First, CAT is only appropriate when researchers are interested in placing respondents onto some latent scale rather than examining responses to specific questions. Second, CAT should not be used for batteries where there is evidence of strong question order effects.
Third, CAT requires pre-testing of battery items to calibrate the model. Although pretesting of items is generally considered ideal for public opinion research, it is not always feasible. This suggests that there may be a trade-off for the costs of reducing the length of batteries and the costs of pre-testing batteries. The more accurate the pre-test (i.e., the larger the sample size and the more representative the sample), the greater will be the potential for reducing battery length while perserving measurement accuracy.
In part, pre-testing costs may be ameliorated by making survey data and item calibrations widely available to other researchers, thus sharing the costs of pre-testing. In any case, we note that even the selection of static reduced batteries is based on some kind of pre-test data or prior understanding. We strongly believe that, ceteris paribus, CAT algorithms will always outperform static batteries for any fixed level of pre-test information or prior beliefs about item performance. The left panels show the item characteristic curves for the five items in the static scale is administered. The right panel shows these same curves for the items as chosen by the CAT algorithm are administered. Note that the CAT algorithm chooses items that the respondent, whose position is indicated with a vertical line, has a significant probability of answering either correctly or incorrectly. For the static battery, the respondent is extremely unlikely to answer Items 4 and 5 correctly. To make the coefficients comparable, the knowledge scores are re-scaled so that a one unit change represents moving from the minimum to the maximum observed value in each sample. Note that the coefficients are always substantially larger for the dynamic battery, indicating higher levels of correlation. All survey question wording and response options are shown in the online supplemental materials.
